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ABSTRACT
Reinforcement Learning (RL) provides a standard framework for
sequential decision-making, but state-of-the-art Deep RL (DRL)
methods are often sample-inefficient and struggle to generalize be-
yond small-scale training scenarios. We propose a neuro-symbolic
DRL approach that integrates background symbolic knowledge to
improve sample efficiency and generalization to more complex, un-
seen tasks. Partial policies learned in simple domains are transferred
as logical rules and used for online reasoning to guide learning by
biasing exploration and rescaling Q-values during exploitation. This
integration enhances interpretability and accelerates convergence,
particularly in sparse-reward and long-horizon settings. Experi-
ments show superior performance over state-of-the-art reward
machine methods.
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1 INTRODUCTION
Deep Reinforcement Learning (DRL) has shown strong potential
for solving sequential decision-making problems in complex real-
world domains, characterized by high-dimensional observations,
multiple objectives, and uncertain dynamics. However, DRL still
suffers from sample inefficiency, significantly limiting its scalability
and generalization in the presence of long planning horizons, sparse
rewards, and numerous sub-goals [4]). Existing solutions either rely
on extensive prior data [1], human intervention [13], or restrictive
assumptions on policy parametrization and regularization [7, 9].
Heuristic-guided DRL approaches, including reward shaping [3, 15],
can partially solve sample inefficiency, but remain highly sensitive
to heuristic quality and often require many environment interac-
tions [2]. Neuro-symbolic (NeSy) approaches commonly rely on
handcrafted logical specifications to define sub-goals or automata,
either within hierarchical planning frameworks [8] or via reward
shaping [3, 15]. More recent methods attempt to learn symbolic
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knowledge from agent traces [5, 12, 17], but they typically focus on
limited aspects of the learning process, such as exploration alone
or tabular initialization, and do not provide a fully integrated and
scalable solution for DRL.

In this extended abstract1, we propose a novel NeSy methodol-
ogy to improve the sample efficiency and generalization of DRL.
Our approach transfers symbolic knowledge, represented as logical
rules approximating policies learned in small, easy-to-solve envi-
ronments, to guide learning in more complex scenarios. Through
symbolic reasoning, the agent identifies promising actions given
its observations, and this knowledge is exploited directly at the
algorithmic level of DRL. In contrast to methods requiring exact
sub-goal definitions or perfect heuristics, our framework operates
effectively with imperfect symbolic knowledge and does not re-
quire policy re-tuning when scaling to larger domains. Focusing
on 𝜖-greedy DRL algorithms, we jointly influence exploration and
exploitation by biasing action selection toward symbolically en-
tailed actions and adaptively rescaling Q-values according to the
exploration parameter. This mechanism, combined with an 𝜖-decay
strategy, enables more efficient early exploration while progres-
sively reducing the influence of symbolic reasoning. Compared to
Statistical Relational Learning approaches [6, 11], which struggle to
scale due to rigid policy search spaces, our method achieves robust
generalization to domains with longer horizons and more sub-goals,
where standard DRL algorithms typically fail.

2 METHODOLOGY
Our NeSy DRL strategy combines 𝜖-greedy DRL exploration and
exploitation with symbolic reasoning over logical knowledge, ap-
proximating a good partial policy acquired in small and simple
domain instances. Symbolic reasoning requires mapping the MDP
domain to the logical knowledge. To this aim, we leverage the proce-
dure in [12, 16, 17], relying on the Answer Set Programming (ASP)
formalism [10]. Given the ASP representations of the MDP state fea-
tures (F ) and actions (A), we define a feature map 𝐹F : 𝑆 → H(F )
and an action map 𝐹A : 𝐴 → H(A), where H(F ) and H(A)
denote the Herbrandt bases (i.e. sets of ground terms) of F and
A, respectively. We can then represent the policy’s information
using 𝐹F,𝐴, defining a partial logical policy 𝜋𝐴𝑆𝑃 : F → A. The
logical policy encodes normal rules in the form a :− f1, . . . , fn, with
𝑓𝑖 ∈ F , 𝑎 ∈ A, and computing the answer set of the theory given
the current MDP state returns a set of suggested actions A𝜋𝐴𝑆𝑃

.

2.1 Neuro-Symbolic Training
Once 𝜋𝐴𝑆𝑃 is defined, our goal is to reason over it to increase sample
efficiency in 𝜖-greedy DRL by biasing the agent towards the most

1Full paper available at https://arxiv.org/abs/2601.02850
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Figure 1: Office domain from [5, 15] (left) and results on the DeliverCoffeeAndMail (center) and PatrolABC (right) tasks.

promising actions, according to the symbolic policy. For simplicity,
we frame our methodology in the context of the DQN algorithm
(for which the reader can refer to [14]); however, it can be easily
extended to any other 𝜖-greedy DRL approach. In both the explo-
ration and exploitation phases, once the current state is observed,
automated reasoning is performed over 𝜋𝐴𝑆𝑃 to identify the set
A𝜋𝐴𝑆𝑃

of actions (ground terms in ASP formalism) entailed by the
background policy knowledge, given the current set of ground envi-
ronmental features 𝐹F (𝑠𝑡 ). Suggested ASP ground actions are then
translated to the MDP action space𝐴 by considering 𝐹 −1

A , obtaining
𝐴𝜋𝐴𝑆𝑃

. Importantly, since the symbolic knowledge could be inaccu-
rate, e.g., learned from previous example executions [5], we also
define a confidence level 𝜌 ∈ [0, 1) about 𝜋𝐴𝑆𝑃 , that allows us to
modulate the impact of the guidance introduced by the additional
policy according to how much we trust the acquired knowledge.

Neuro-Symbolic Exploration. In the exploration phase, the
agent selects an action from 𝐴 according to a weighted probability
distribution, where the weights are defined for each action as𝑤𝑎 =

𝜌 if 𝑎 ∈ 𝐴𝜋𝐴𝑆𝑃
, otherwise 𝑤𝑎 = 1 − 𝜌 , and then normalized, such

that
∑

𝑎∈𝐴𝑤𝑎 = 1. The higher 𝜌 value, the higher the probability
that the agent selects an action suggested by background policy
knowledge. If 𝐴𝜋𝐴𝑆𝑃

= ∅ (i.e., 𝜋𝐴𝑆𝑃 cannot suggest any valuable
action at the given state 𝑠𝑡 ), then a uniformly random action is
selected from 𝐴 as in standard DQN.

Neuro-Symbolic Exploitation. In the exploitation phase, given
the current DQN’s Q-values, we employ 𝐴𝜋ASP to rescale them by a
factor 𝑘𝑎 = 1+(𝜖 ∗𝑤𝑎) for each action, with𝑤𝑎 determined as in the
exploration phase. This adjusts the action values within the context
of the most promising action setA𝜋ASP , according to the confidence
parameter 𝜌 . Adding 𝜖 as an additional rescaling parameter allows
the agent to increasingly trust the neural network’s estimations as
the training proceeds (following standard epsilon-decay rules).

3 EMPIRICAL EVALUATION
2 We evaluate our SR-DQN methodology on the OfficeWorld do-
main, widely used in related literature [5, 15]. The agent has to
either visit rooms in a certain order (VisitAB and VisitABC tasks)
or bring objects to the office location (DeliverCoffee and Deliver-
CoffeeAndMail tasks), depending on the task. Crucially, to test the
scalability performance of SR-DQN, we employ the policy learned
by [5] in the DeliverCoffee and PatrolAB tasks as partial policies
in the more complex DeliverCoffeeAndMail and PatrolABC tasks,
respectively. In this way, we assess the sampling efficiency of our

2Code available at https://github.com/Isla-lab/sample_efficient_nesy_drl

methodology when generalizing to longer planning horizons and
more sub-goals. more specifically, we employ the following 𝜋𝐴𝑆𝑃
for the DeliverCoffeeAndMail task (Rules (1) and (2)) and PatrolABC
task (Rule (3) and Rule (4)):

goto(X) : − coffee(X), not hasCoffee, not hittingDecor. (1)
goto(X) : − office(X), hasCoffee, not hittingDecor. (2)
goto(A) : − not visited(A), not hittingDecor. (3)
goto(B) : − visited(A), not hittingDecor. (4)

whereA = {goto(X)} denotes the action of moving to item X. The
above specifications suggest that the agent should first pick up the
coffee and then reach the office (Rules 1, 2). Similarly, Rules 3 and 4
state that the agent should first visit room A and then visit room B.
In both cases, the agent should not hit any decoration.

3.1 Scalability Study
We compare SR-DQN against the performance of a standard DQN
algorithm and DQNwith reward machines (RM-DQN in the figures)
as designed in [15]. For each method, we evaluate the discounted
return. For reward machines, we test different rewards for state
transitions and keep the best-performing ones in the tuning scenar-
ios (excluding additional rewards in the plots for fair comparison).
Since we do not have information about the confidence level of
[5], we empirically set 𝜌 = 0.8. Figure 1 shows the performance
of SR-DQN and the baselines. For both tasks, we tuned the base
DQN algorithm to solve the easier setting (i.e. DeliverCoffee and
PatrolAB) and then used the same set of hyperparameters to train
all the agents in the more challenging tasks. On average, SR-DQN
achieves the highest return by the end of training, also proving
to be more stable with a lower standard deviation with respect to
DQN in particular. On the other hand, RM-DQN converges more
slowly to a lower average return with larger variance.

4 CONCLUSION AND FUTUREWORK
We presented SR-DQN, a novel neuro-symbolic DRL approach ad-
dressing scalability and sample inefficiency in environments with
long planning horizons, sparse rewards, and multiple sub-goals.
Our method leverages partial logical policy specifications learned
in easy-to-solve domains and uses automated reasoning to infer
promising actions, biasing both exploration and Q-values in 𝜖-
greedy DRL. An 𝜖-decay schedule balances symbolic reasoning and
neural learning over time. Experiments in OfficeWorld demonstrate
that SR-DQN consistently outperforms selected baselines. Future
work will extend the approach beyond 𝜖-greedy DRL algorithms
and towards more expressive policy representation.
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